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Polycyclic aromatic hydrocarbon formation in combustion systems has received considerable attention because of its health effects. The feed-
forward, multi-layer perceptron type artificial neural networks with back-propagation learning were used to predict the total PAH amount in
atmospheric pressure, premixed n-heptane and n-heptane/oxygenate flames. MTBE and ethanol were used as fuel oxygenates. The total fifty-four
data sets were divided into three groups: training, cross-validation, and testing. The different network architectures were tested and the best
predictions were obtained for a network of one hidden layer with five neurons. The transfer function was sigmoid function. The mean square and
mean absolute errors were 10.52 and 2.60 ppm for the testing set, respectively. The correlation coefficient (R2) was 0.98. The results also showed that
the total PAH amount was significantly influenced by the changes in equivalence ratio, presence of fuel oxygenates, and mole fractions of C4 species.
© 2006 Elsevier B.V. All rights reserved.Keywords: Neural network; PAH; Premixed flame1. Introduction
Combustion systems generally produce measurable amounts
of polycyclic aromatic hydrocarbons (PAH) due to incomplete
combustion of hydrocarbon fuels. Although PAH are considered
trace components in most combustion systems, low level
exposure to these combustion-produced compounds may
increase the incidence of cancer and genetic defects. PAH are
the largest class of chemical carcinogens known. A recent
review on cancer risk from occupational and environmental
exposure to PAH shows that heavy exposure to PAH causes a
substantial risk of lung, skin, and bladder cancer [1]. The major
sources of PAH emissions are stationary sources (e.g., residential
heating, power and heat generation, industry, and incineration)
and mobile sources (e.g., gasoline-engine automobiles and
diesel-engine automobiles) [2].
The amounts of PAH emitted from gasoline [3–7] and diesel
[3,7–11] engines have been studied extensively in the literature.
Since n-heptane is a component of commercial gasoline and one⁎ Tel.: +90 232 750 6654; fax: +90 232 750 6645.
E-mail address: fikretinal@iyte.edu.tr.
0378-3820/$ - see front matter © 2006 Elsevier B.V. All rights reserved.
doi:10.1016/j.fuproc.2006.08.002of the primary reference fuels for the determination of octane
number, it has been used as a model compound for the alkane
components of practical hydrocarbon fuels in many combustion
studies. The formation of PAH in premixed n-heptane flame at
an equivalence ratio (ϕ) of 2.05 has been investigated by
Westmoreland et al. [12]. The most abundant compound was
acenaphthylene. Peterca and Marconi [13] have reported
acenaphthylene and naphthalene as major PAH species in
laminar diffusion flames of n-heptane. The concentration
profiles of stable species and free radicals in low-pressure
(6.0 kPa), laminar, premixed n-heptane flames have been
reported by Doute et al. [14] for equivalence ratios of
0.7≤ϕ≤2.0 using molecular beam mass spectrometry. El
Bakali et al. [15] and Ingemarsson et al. [16] have carried out
quartz microprobe sampling and GC/MS analysis for the low-
molecular-weight species (e.g., up to benzene) concentration
profiles in atmospheric pressure, premixed n-heptane flames at
equivalence ratios of 1.9 and 1.0, respectively. Recently, we [17]
have investigated the PAH formation in fuel rich (ϕ=1.97 and
2.10) laminar, premixed n-heptane flames. The concentrations
of aromatic and PAH compounds were increased with increasing
equivalence ratio. Acenaphthylene and naphthalene were the
most abundant PAH species.
Fig. 1. Feed-forward, multi-layer perceptron type artificial neural networks.
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Ethers (e.g., MTBE, ETBE) and alcohols (e.g., methanol,
ethanol) are preferred as oxygenate additives in gasoline. Ethers
have low heat of vaporization and can be blended at the refinery.
In contrast, alcohols have higher heat of vaporization. However,
they can supply higher levels of oxygen at lower concentrations.
In addition, ethanol is the only renewable fuel oxygenate. The
effects of fuel oxygenate on PAH formation in n-heptane flames
have been investigated by Inal and Senkan [18,19].
Detailed chemical reaction mechanisms have been used to
predict the species concentration profiles, ignition delay times,
and laminar burning velocities in n-heptane oxidation [20–27].
These mechanisms include a large number of species in a large
number of elementary reactions, and require thermodynamic,
transport, and chemical kinetic data. On the other hand, artificial
neural network (ANN) modeling technique has also been
applied successfully to predict the concentrations of various
environmental pollutants. Elkamel et al. [28] have used an ANN
model to predict ground-level ozone concentrations as a function
of meteorological conditions and precursor concentrations (i.e.,
methane, carbon monoxide, carbon dioxide, nitrogen oxide,
nitrogen dioxide, sulfur dioxide, non-methane hydrocarbons,
and dust). PAH [29] and particulate [30] emissions from a
passenger car diesel engine were studied as functions of fuel
parameters and operation conditions using ANNs. The exhaust
carbon monoxide, hydrocarbons, nitrogen oxides, and particu-
late emissions from a single-cylinder diesel engine have also
been modeled by the ANN approach [31]. Inal et al. [32] have
developed three-layer, feed-forward type ANNs to investigate
soot formation in premixed hydrocarbon flames. In a recent
study, Jensen et al. [33] have used an ANN model to predict
mercury speciation (elemental, oxidized, and particulate) from
power plants.
The objective of this study was to develop an ANN model to
predict the total PAH amount in atmospheric pressure, laminar,
premixed flames of n-heptane/oxygen/argon and n-heptane/
oxygen/oxygenate/argon as functions of flame parameters (e.g.,
distance from the burner surface and flame temperature), equi-
valence ratio, amount of oxygenate in the fuel blend, and the
concentrations of PAH precursors (i.e., low-molecular-weight
reaction products and one-ring compounds). MTBE and ethanol
were used as fuel oxygenates since they are the most common
oxygenates currently used in gasoline.
2. Experimental
The details of the experimental setup used for data acquisition
have been given elsewhere [17,18]. Therefore, only a brief
description will be presented here. Atmospheric pressure,
laminar, premixed, flat-flames of n-heptane/oxygen/argon and
n-heptane/oxygen/oxygenate/argon were stabilized over a 50-
mm diameter porous bronze burner. Mole fraction profiles of
species were obtained by the direct GC/MS analysis of flame
samples using a heated quartz microprobe. For the quantifica-
tions of species either direct-calibration standards (Matheson
Gas, SigmaAldrich) or ionization cross-sectionmethod [34] was
used. An accuracy of about ±15% was estimated for the molefractions of species determined by direct calibration. Ionization
cross-section method has been reported to be accurate within a
factor of 2 [34].
The flame temperatures were measured with a silica-coated
0.075 mm Pt–13% Rh/Pt thermocouple. Temperatures used in
this study correspond to direct thermocouple readings and were
not corrected for radiation losses.
3. ANN model
Artificial neural networks are interconnected parallel systems
consisting of simple processing elements, neurons. In this study,
a feed-forward, multi-layer perceptron (MLP) type of ANNs as
shown in Fig. 1, was considered for the prediction of total PAH
amount in a premixed combustion of n-heptane. MLP is the
most widely used neural network architecture and consists of an
input layer, one or more hidden layers, and an output layer. The
neurons in the input layer receive input quantities and pass them
on to the hidden layer neurons without any computation. The
hidden layer neurons calculate their inputs by adding up the
weighted inputs received from each neuron in the previous layer.
The connections between the neurons are called weights.
Weights determine the strength of the input signal. The outputs
of the hidden neurons are calculated by passing the sum of the
weighted inputs received on through a non-linear transfer or
activation function. The output neurons perform the same
operations as those of hidden neurons. The hyperbolic tangent
and sigmoid transfer functions have been tested in one- and two-
hidden layer networks.
Learning of the ANN is accomplished through the training
procedure. The back-propagation algorithm, the most common-
ly used supervised learning algorithm in MLP, was utilized in
this study. In the training procedure, the information is processed
in the forward direction from input layer to the hidden layer and
then to the output layer (feed-forward) to obtain the output of the
network. The desired output at each output neuron is compared
with the network output, and the difference or error is computed.
The error function has the following form [35]:
E ¼
X
k
X
n
ðdnk  ynkÞ2 ð1Þ
where k is an index over the system output, n is an index over the
input patterns, d is a component of the desired or target output
Table 1
Pre-combustion compositions of the flames
ϕ=1.97 ϕ=2.10
n-Heptane flames
n-Heptane (mol%) 5.33 5.50
Oxygen (mol%) 29.70 28.79
n-Heptane/MTBE flames
n-Heptane (mol%) 4.55 4.70
Oxygen (mol%) 29.21 28.28
Oxygen in n-heptane/MTBE blend (wt.%) 2.7 2.7
n-Heptane/ethanol flames
n-Heptane (mol%) 4.91 5.07
Oxygen (mol%) 29.08 28.07
Oxygen in n-heptane/ethanol blend (wt.%) 2.7 2.7
Fig. 3. Experimental and ANN predicted total PAH amounts for the training set.
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The error is propagated in the backward direction from the
output layer to the input layer (back-propagation), and it is
minimized by adjusting the connection weights. Batch training
mode has been used to update the weights since it is more stable
and efficient. In batch training, weights are updated after the
presentation of the entire training set. The weight update pro-
cedure becomes an important issue especially for the non-
convex performance surfaces. To avoid the training process
being trapped in local minima or saddle points in search of
optimum weights, adaptive weight update procedure (Delta bar
delta) has been applied [35]. This procedure speeds up the
training by providing high learning rates when the learning curve
is flat and low learning rates when the learning curve oscillates.
For the best generalization performance of the network, the
training data set was divided into two groups: training and cross-
validation sets, and the training was stopped when the cross-
validation error began to increase. The connection weights of the
network were automatically saved at this point, and used later in
the testing procedure. After the training, the next step in ANN
development is testing. In testing, the performance of the trained
network has been verified with testing data set that the network
was not trained with.Fig. 2. Learning curves for training and cross-validation sets.NeuroSolutions (Version 4, NeuroDimension Inc.) software
was used to build ANN models in this study.
4. Results and discussion
The pre-combustion compositions of the flames are given in
Table 1. Ar dilution was kept at about 65% in all the flames. The
oxygen weight percent in n-heptane/oxygenate mixtures was 2.7
for each oxygenate studied. The equivalence ratios (ϕ=1.97 and
2.10; ϕ=(Fuel/Oxygen)actual / (Fuel/Oxygen)stoich.) and compo-
sitions were determined to obtain stable flames that produce a
measurable amount of PAH. The quartz sampling probe was
plugged at higher equivalence ratios due to excessive soot
formation, thus requiring the early termination of the experi-
ments. On the other hand, the flames did not produce enough
PAH at low equivalence ratios.
The distance from the burner surface, flame temperature, equi-
valence ratio, concentrations of MTBE and ethanol in the reactant
mixtures, and mole fractions of acetylene, 1,3-propadiene, di-
acetylene, vinylacetylene, benzene, toluene, and phenylacetylene
were used as input parameters. The output parameter was the total
PAHmole fraction, which includes the sum of themole fractions of
seven PAH compounds: naphthalene, acenaphthylene, phenan-
threne, 4H-cyclopenta[def]-phenanthrene, fluoranthene, pyrene,
and cyclopenta[cd]pyrene. Benzene was the most abundant aro-
matic compound and acenaphthylene and naphthalene were the
most abundant PAH compounds in all the flames studied [18].Fig. 4. Experimental and ANN predicted total PAH amounts for the testing set.
Table 2
Performance of the network on training and testing sets
Performance Training Testing
MSE 7.30 10.52
MAE 2.05 2.60
Min abs error 0.05 0.19
Max abs error 6.11 6.62
R2 0.98 0.98
Fig. 5. Effect of equivalence ratio on total PAH amount.
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into three groups: training, cross-validation, and testing, each
containing 30 (∼56%), 6 (∼11%), and 18 (∼33%) sets,
respectively. Care has been taken to have representative data
in the training set since ANN performs better when predicting
output parameter within the limits of the training data. Both the
temperature and species concentration profiles within a few
millimeters above the burner surface are subject to considerable
probe–burner surface interactions thus were not used in model-
ing activities. The concentration and temperature data corre-
spond to 2 mm–10 mm above the burner surface. The different
neural network architectures were tested to obtain the best
performance on total PAH predictions. The network parameters
to be optimized were the number of hidden layer, number of
neurons in each hidden layer, and type of transfer function. We
have tested one- and two-hidden layer networks with two to ten
processing elements. For each case sigmoid and hyperbolic
tangent transfer functions were tried. Sigmoid function produces
output values between [0, 1] while the hyperbolic tangent pro-
duces values between [−1, 1]. These two functions are
continuous and differentiable, which will be very important in
weight adaptation during the training process.
After extensive trial and error runs, the best performance was
obtained with one-hidden layer network with five neurons
(network architecture; 12–5–1). The transfer function was
sigmoid function. The increase in the number of hidden layer
and the number of neurons in each hidden layer did not sign-
ificantly improve the performance of the network. We preferred
low complexity network since the larger networks require more
free parameters to solve a given problem and may over fit the
data. In addition, the complex networks need more training and
testing time. The ANN results are given for the (12–5–1)
network architecture.
The learning curves for training and cross-validation sets are
given in Fig. 2.Mean square errors (MSE) decrease initially bothTable 3
Sensitivity factors for the concentration related input parameters
Input Sensitivity factor
Equivalence ratio 41.32
MTBE 10.48
Ethanol 8.57
C8H6 0.65
C7H8 0.35
C6H6 0.28
C4H4 4.96
C4H2 2.95
C3H4 0.39
C2H2 0.38for the training and cross-validation sets. However, the cross-
validation MSE starts to increase when the network begins to
over train the data. The ANN model automatically saves the
connection weights of the network when the cross-validation
MSE reaches a minimum value, and utilizes them in the testing
procedure.
The predicted and experimental total PAH mole fractions are
shown in Fig. 3 for the training set. There was a good agreement
between the ANN predictions and experimental data with a
correlation coefficient of 0.98. The correlation coefficient was
also 0.98 for the testing data set (Fig. 4). The performance of the
network on training and testing sets is summarized in Table 2.
For the training set, MSE and mean absolute error (MAE) were
7.30 ppm and 2.05 ppm, respectively. The ANN model also
exhibited satisfactory performance for the testing set. The MSE
and MAE were 10.52 ppm and 2.60 ppm, respectively. The
similar values of MSE,MAE, and R2 for training and testing sets
indicate that the network did not over train or memorize the data.
There are several mechanisms proposed for the formation and
growth of PAH in flames. One of the important steps in these
mechanisms is the formation of single-ring aromatics for the
combustion of aliphatic fuels. Frenklach and Wang [36] sug-
gested that the formation of the first aromatic ring in flames
of non-aromatic fuels usually begins with vinyl addition to
acetylene. Vinylacetylene is formed at high temperatures, and
followed by acetylene addition to n-C4H3, radical formed by the
H-abstraction from the vinylacetylene. At low temperatures the
vinyl addition to acetylene forms n-C4H5, which upon addition
of acetylene produces benzene. The H-abstraction reaction andFig. 6. Effect of MTBE concentration on total PAH amount.
Fig. 7. Effect of ethanol concentration on total PAH amount. Fig. 9. Effect of C4H2 concentration on total PAH amount.
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Melius [37] proposed that the combination of propargyl radicals
can also produce benzene or phenyl. In addition to benzene,
Marinov et al. [38] suggested that two resonantly stabilized
cyclopentadienyl radicals (c-C5H5) produced from the unim-
olecular decomposition of phenoxy radicals combine to form
naphthalene. Starting from an initial aromatic structure, the
larger PAH can be built by the H-abstraction/C2H2-addition
mechanism. The addition of aromatic radicals to non-aromatics
can also lead to condensed ring compounds [39].
To find the effect of each species concentration on total PAH
amount, the sensitivity analysis was carried out. For the n-
heptane and oxygen amounts equivalence ratio was used as an
input parameter. In this analysis, the network was first trained
and the connection weights were fixed. After that one by one,
each input parameter was varied around its mean value while the
other inputs were kept at their mean values. The sensitivity factor
for input k is given as
Sk ¼
XP
p¼1
X0
i¼1
yip  yipP
 2
r2k
ð2Þ
wherePyip is the ith output obtained with the fixed weights for the
pth pattern, o is the number of network outputs,P is the number of
patterns, and σk
2 is the variance of the input perturbation [35].
The calculated sensitivity factors are given in Table 3. The
effects of some of the important input parameters on predicted total
PAHamount are shown in Figs. 5–9. As expected, the equivalenceFig. 8. Effect of C4H4 concentration on total PAH amount.ratio has a strong effect on total PAH amount (Table 3). An in-
crease in equivalence ratio increased the amount of PAH formed
(Fig. 5). The addition of fuel oxygenates into a fuel blend affects
the flame chemistry by reducing the radical pool and/or producing
less reactive reaction intermediates. Although MTBE showed
slightly higher influence on total PAH amount, the sensitivity
factors for MTBE and ethanol were quite similar under the ex-
perimental conditions investigated (Table 3). An increase in oxy-
genate concentration decreased the PAH amount (Figs. 6 and 7).
Among the stable low-molecular-weight aliphatic and single-ring
aromatic species, the total PAH amount was significantly more
sensitive to changes in vinylacetylene (C4H4) and diacetylene
(C4H2) concentrations (Figs. 8 and 9). Although the dominant
reaction pathway is an unresolved issue, C4 species are known to
play an important role in the formation of first aromatic ring and
the growth of larger PAH.
5. Conclusions
In conclusion, the total PAH amount in premixed n-heptane
and n-heptane/oxygenate flames has been predicted using the
ANN approach. Although we had limited experimental data the
performance of the ANN model developed was satisfactory for
both training (R2 =0.98) and testing (R2 =0.98) sets. The over
training or memorization of the network was avoided by the use
of a cross-validation set during the training procedure. The
results of the sensitivity analysis have shown that the PAH
amount is more sensitive to changes in equivalence ratio, and
mole fractions of oxygenates and C4 species. The effects of
MTBE and ethanol on PAH amount were comparable. ANN
modeling is a useful technique for the prediction of pollutant
concentrations. The prediction performance of the network can
be further improved by re-training with larger data sets.
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